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Abstract

schemes in the presence of model mismatch.

We characterize the performance of sequential information-guided sensing (Info-Greedy Sensing) when the model
parameters (means and covariance matrices) are estimated and inaccurate. Our theoretical results focus on Gaussian
signals and establish performance bounds for signal estimators obtained by Info-Greedy Sensing, in terms of
conditional entropy (related to the estimation error) and additional power required due to inaccurate models. We also
show covariance sketching can be used as an efficient initialization for Info-Greedy Sensing. Numerical examples
demonstrate the good performance of Info-Greedy Sensing algorithms compared with random measurement
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1 Introduction

Sequential compressed sensing is a promising new infor-
mation acquisition and recovery technique to process big
data that arises in various applications such as compres-
sive imaging [1-3], power network monitoring [4], and
large-scale sensor networks [5]. The sequential nature
of the problems is either because the measurements are
taken one after another or due to the fact that the data
is obtained in a streaming fashion so that it has to be
processed in one pass.

To harvest the benefits of adaptivity in sequential com-
pressed sensing, various algorithms have been developed
(see [6] for a review). We may classify these algorithms
as (1) being agnostic about the signal distribution and,
hence, random measurements are used [7—10], (2) exploit-
ing additional structure of the signal (such as graphical
structure [11], sparse [12-14], low rank [15], and tree-
sparse structure [16, 17]) to design measurements, and
(3) exploiting the distributional information of the sig-
nal in choosing measurements [18], possibly through
maximizing mutual information. The additional knowl-
edge about signal structure or distributions are various
forms of information about the unknown signal. Such
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work includes the seminal Bayesian compressive sens-
ing work [19], Gaussian mixture models (GMM) [20, 21],
the classic information gain maximization [22] based on
quadratic approximation to the information gain func-
tion, and our earlier work [6] which is referred to as
Info-Greedy Sensing. Info-Greedy Sensing is a framework
that aims at designing subsequent measurements to max-
imize the mutual information conditioned on previous
measurements. Conditional mutual information is a nat-
ural metric here, as it captures exclusively useful new
information between the signal and the resulted mea-
surements disregarding noise and what has already been
learned from previous measurements. Information may
play a distinguishing role: as the compressive imaging
example demonstrated in Fig. 1 (see Section 4 for more
details), with a bit of (albeit inaccurate) information esti-
mated via random samples of small patches of the image,
our Info-Greedy Sensing is able to recover details of a
high-resolution image, whereas random measurements
completely miss the image. As shown in [6], Info-Greedy
Sensing for a Gaussian signal becomes a simple itera-
tive algorithm: choosing the measurement as the leading
eigenvector of the conditional signal covariance matrix
in that iteration and then updating the covariance matrix
via a simple rank-one update or, equivalently, choosing
measurement vectors daj, da, . . . as the orthonormal eigen-
vectors of the signal covariance matrix ¥ in a decreasing
order of eigenvalues. Different from the earlier literature
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Info-Greedy, K=5

original

five 238 by 375
low-resolution images
captured by Info-Greedy

recovered 1904 by 3000
high-resolution image

random

original 1904 by 3000
high-resolu3on image

five 238 by 375
low-resolution images
captured by random
measurements

recovered 1904 by 3000
high-resolution image

Fig. 1 Value of information in sensing a high-resolution image of size 1904 x 3000. Here, compressive linear measurements correspond to
extracting the so-called features in compressive imaging [1-3]. In this example, the compressive imaging system captures five low-resolution images
of size 238 x 275 using masks designed by Info-Greedy Sensing or random sensing (this corresponds to compressing the data into 8.32% of its
original dimensionality). Info-Greedy Sensing performs much better than random features and preserves richer details in the recovered image.

Details are explained in Section 4.3.2

[22], Info-Greedy Sensing determines not only the direc-
tion but also the precise magnitude of the measurements.

In practice, we usually need to estimate the signal
covariance matrix, e.g., through a training session. For
Gaussian signals, there are two possible approaches: either
using training samples of the same dimension or through
the new “covariance sketching” technique [23-25], which
uses low-dimensional random sketches of the samples.
Due to the inaccuracy of the estimated covariance matri-
ces, measurement vectors usually deviate from the opti-
mal directions as they are calculated as eigenvectors of the
estimated covariance matrix. Hence, to understand the
performance of information-guided algorithms in prac-
tice, it is crucial to quantify the performance of algorithms
with model mismatch. This may also shed some light on
how to properly initialize the algorithm.

In this paper, we aim at quantifying the performance
of Info-Greedy Sensing when the parameters (in partic-
ular, the covariance matrices) are estimated. We focus
on analyzing deterministic model mismatch, which is
a reasonable assumption since we aim at providing

instance-specific performance guarantees with sample
estimated or sketched initial parameters. We establish a
set of theoretical results including (1) studying the bias
and variance of the signal estimator via posterior mean,
by relating the error in the covariance matrix | — §||
to the entropy of the signal posterior distribution after
each sequential measurement, (2) establishing an upper
bound on the additional power needed to achieve the
signal precision ||x — X|| < &, where power is defined
as the square of the norm of the measurement vec-
tor, and (3) translating these into requirements on the
choice of the sample covariance matrix through direct
estimation or through covariance sketching. Note that the
power allocated for the measurements here is the min-
imum power required in order to achieve a prescribed
precision for signal recovery within a fixed number of
iterations. Furthermore, we also study Info-Greedy Sens-
ing in a special setting when the measurement vector
is desired to be one-sparse and establish analogously a
set of theoretical results. Such a requirement arises from
applications such as nondestructive testing (NDT) [26] or
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network tomography. We also present numerical exam-
ples to demonstrate the good performance of Info-Greedy
Sensing compared to a batch method (where measure-
ments are not adaptive) when there is mismatch. The main
contribution of the paper is to study and understand the
performance of Info-Greedy algorithm [6] in the pres-
ence of perturbed parameters, rather than proposing new
algorithms.

Some other related works include [27], where adap-
tive methods for recovering structured sparse signals with
Gaussian and Gaussian joint posterior are discussed, and
[28], which analyzes the recovery of Gaussian mixture
models with estimated mean and covariance using max-
imum a posteriori estimation. In [29], the orthogonal
matching pursuit which aims at detecting the support
of sparse signals while suffering from faulty measure-
ments is studied. In this work, we focus on the case
where the estimated mean, covariance, as well as the
prior probability for each separate Gaussian component
are available. Another work [20] discusses an adaptive
sensing method for GMM, which is a two-step strat-
egy that first adaptively detects the classification of the
GMM, and then reconstructs the signal assuming it falls
in the category determined in the previous step. While
[20] assumes that there are sufficient samples for the first
step in the first place, our early work [6] and this paper
are different in that, sensing for GMM signal works on
signal recovery directly without trying to identify the sig-
nal class as a first step. Hence, in general, our method
is more tolerant to inaccuracy of the estimated param-
eters, and our algorithm can achieve good performance
even without a large number of samples as demonstrated
by numerical examples. The design of information-guided
sequential sensing is related to the design of sequential
experiments (see [15, 30, 31]) and large computer exper-
iment approximation (see [32]). However, compared to
the literature on design of experiments (e.g., [30]), our
work does not use a statistical criterion based on the
output of each iteration. In order words, we are design-
ing our measurements based on the knowledge of the
assumed model of the signal instead of the outputs of
measurement.

Our notations are standard. Denote [n] = {1,2,...,n};
IX|l, IX|lr, and || X|« represent the spectral norm, the
Frobenius norm, and the nuclear norm of a matrix X,
respectively; let v;(X) denote the ith largest eigenvalue of
a positive semi-definite matrix ¥; ||x||o, [|*]|1, and |lx| rep-
resent the £p, £1 and £5 norm of a vector x, respectively; let
x2 be the quantile function of the chi-squared distribution
with # degrees of freedom; let E[x] and Var[x] denote the
mean and the variance of a random variable x; we write
X > 0 to indicate that the matrix is positive semi-definite;
¢ (x|i, ¥) denotes the probability density function of the
multivariate Gaussian with mean p and covariance matrix
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%; let ¢; denote the jth column of identity matrix / (i.e., ¢
is a vector with only one non-zero entry at location j); and
(x)T £ max{x, 0} for x € R.

2 Method: Info-Greedy Sensing

A typical sequential compressed sensing setup is as fol-
lows. Let x € R” be an unknown #-dimensional signal. We
make K measurements of x sequentially

yk:u;x—i—wk, k=1,...,K,

and the power of the measurement vector is ||ax||> = Bx.
The goal is to recover x using measurements {yk}le.
Consider a Gaussian signal x ~ A0, X) with known
zero mean and covariance matrix X (here without loss
of generality we have assumed the signal has zero mean).
Assume the rank of ¥ is s and the signal is low rank,
i.e. s < n (however, the algorithm does not require the
covariance to be low rank):

rank(X) =s < n.

Our goal is to estimate the signal x using sequential and
adaptive measurements. Info-Greedy Sensing introduced
in [6] is one of such adaptive methods which chooses
each measurement to maximize the conditional mutual
information

aj < argmax {]I [x;aTx +wlyj,aj,j < k] /aTa} . (1)

a

The goal of this sensing scheme is to use a minimum num-
ber of measurements (or to use the minimum total power)
so that the estimated signal is recovered with precision ¢;
ie., [x — x|| < & with a high probability p. Define

Xnpe = &2/ X2 (D),

and we will show in the following that this is a fundamen-
tal quantity that determines the termination condition of
our algorithm to achieve the precision ¢ with the confi-
dence level p. Note that x, ;. is a precision & adjusted by
the confidence level.

2.1 Gaussian signal

In [6], we have devised a solution to (1) when the sig-
nal is Gaussian. The measurement will be made in the
directions of the eigenvectors of ¥ in a decreasing order
of eigenvalues, and the powers (or the number of mea-
surements) will be such that the eigenvalues after the
measurements are sufficiently small (i.e., less than ¢). The
power allocation depends on the noise variance, signal
recovery precision ¢, and confidence level p, as given in
Algorithm 1. Note that in Step 6, the update of covari-
ance matrix can also be implemented, equivalently, via
Ao 2uuT/ (BA + 02)+ 214, as explained in (6). In the algo-
rithm, the initializations ¢ and ¥ are estimated and may
not be very accurate.
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Algorithm 1 Info-Greedy Sensing for Gaussian signals

Require: assumed signal mean u (initialize with & = )
and covariance matrix X, noise variance o2, recovery
accuracy ¢, confidence level p close to 1

1: repeat

2. (A, u) < largest eigenvalue and associated normal-

ized eigenvector of X

B < 0>/ Xnpe —1/M)7F

a = /Bu,y = aTx + w {measure}

% < x4 Za(y —aTx)/ (Br + 0%) {mean}

T <« T — SaaT%/ (Br + 0?) {covariance}
until | X < xup,e {all eigenvalues small}
return signal estimate x

*® N ook w

2.2 One-sparse measurement

The problem of Info-Greedy Sensing with sparse mea-
surement constraint, i.e., each measurement has only kg
non-zero entries ||a||o = ko, has been examined in [6] and
solved using outer approximation (cutting planes). Here,
we will focus on one-sparse measurements, ||a|o = 1, as
it is an important instance arising in applications such as
nondestructive testing (NDT).

Algorithm 2 Info-Greedy Sensing with sparse measure-
ment |lallo = 1, for Gaussian signals

Require: assumed signal mean p and covariance matrix
¥, noise variance o2, recovery accuracy &,
confidence level p
repeat

j* < argmax; X

a <« ﬂej*, y = aTx + w {measure}

< n+Zaly —aTp)/ (BEq» + 02) {mean}

T <« T —SaaTS/ (B + 0?) {covariance}
until | Z| < xup, {all eigenvalues small}
return signal estimate X = p

NG wy

Info-Greedy Sensing with one-sparse measurements
can be readily derived. Note that the mutual information
between x and the outcome using one-sparse measure-
ment y; = eij + w is given by

1
L] = Sln (/0 +1),

where X denote the jth diagonal entry of matrix X.
Hence, the measurement that maximizes the mutual
information is given by ey where j* £ arg max; Xj, i.e.,
measuring in the signal coordinate with the largest vari-
ance or largest uncertainty. Then Info-Greedy Sensing
measurements can be found iteratively, as presented in
Algorithm 2. Note that the correlation of signal coordi-
nates are reflected in the update of the covariance matrix:
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if the ith and jth coordinates of the signal are highly corre-
lated, then the uncertainty in j will also be greatly reduced
if we measure in i. Similar to the previous two algorithms,
the initial parameters are not required to be accurate.

2.3 Updating covariance with sequential data
If our goal is to estimate a sequence of data x1, x, . . . (ver-
sus just estimating a single instance), we may be able to
update the covariance matrix using the already estimated
signals simply via

Si=aS g+ (1 -&A, t=12..., 2)
and the initial covariance matrix is specified by our prior
knowledge So=23. Using the updated covariance matrix
it, we design the next measurement for signal x;;. This
way, we may be able to correct the inaccuracy of & by
including new samples. Here, « is a parameter for the
update step-size. We refer to this method as “Info-Greedy-
2” hereafter.

2.4 Gaussian mixture model signals
In this subsection we introduce the case of sensing
Gaussian mixture model (GMM) signals. The probability
density function of GMM is given by

C
p®) =) e (xlne, To),

c=1

where C is the number of classes, and 7, is the proba-
bility that the sample is drawn from class c¢. Unlike for
Gaussian signals, the mutual information of GMM has
no explicit form. However, for GMM signals, there are
two approaches that tend to work well: Info-Greedy Sens-
ing derived based on a gradient descent approach [6, 21]
uses the fact that the gradient of the conditional mutual
information with respect to a is a linear transform of the
minimum mean square error (MMSE) matrix [33, 34], and
the so-called greedy heuristic [6], which approximately
maximizes the mutual information, shown in Algorithm 3.
The greedy heuristic picks the Gaussian component with
the highest posterior 7, at that moment and chooses the
next measurement a as its eigenvector associated with
the maximum eigenvalue. The greedy heuristic can be
implemented more efficiently compared to the gradient
descent approach and sometimes has competitive perfor-
mance [6]. Also, the initialization for means, covariances,
and weights can be off from the true values.

3 Performance bounds
In the following, we establish performance bounds, for
cases when we (1) sense Gaussian signals using estimated
covariance matrices and (2) sense Gaussian signals with
one-sparse measurements.
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Algorithm 3 Heuristic Info-Greedy Sensing for GMM
signals

Require: number of components C, assumed means {ii.},
covariances {X.}, initial weights {7},
noise variance o2,
confidence level p
1: repeat
2 ¢* < argmax, 7,
(A, u) < largest eigenvalue and associated normal-
ized eigenvector of X«
B < Uz(l/Xn,p,s -1/0*
a = Jﬁu,y = aTx + w {measurement}
forc=1,...,Cdo
Me < te + [(y —atue)/ (aTZCa + 02)] Yea
T« X — ZaaTS/ (aTEca + o0?)
—aTue)?/ (aTeEca + 02)}

@

Y oo NNk

7w, < Km.exp {—f

10: (K: normalizing constant)

11:  end for

122 until |Ze || < xup,e

13: return signal class ¢* = arg max, 7., estimate X = .

3.1 Gaussian case with model mismatch
To analyze the performance of our algorithms when the
assumed covariance S used in Algorithm 1 is different
from the true signal covariance matrix ¥, we introduce
the following notations. Let the eigenpairs of X with the
eigenvalues (which can be zero) ranked from the largest
to the smallest to be (A1,u1), (Ao, u2),..., (Ay, uy), and
let the eigenpairs of T with the eigenvalues (which can
be zero) ranked from the largest to the smallest to be
(71, 11), (Ao, 12), - - . Ay 1) Let the updated covariance
matrix in Algorithm 1 starting from ¥ after k measure-
ments be fk and the true posterior covariance matrix of
the signal conditioned on these measurements be Xy.
Note that since each time we measure in the direction
of the dominating eigenvector of the posterior covari-
ance matrix, (ik, i) and (g, ug) correspond to the largest
eigenpair of ’2\/(,1 and X;_;, respectively. Furthermore,
define the difference between the true and the assumed
conditional covariance matrices after k measurements as

EL2% -3 k=1,..,K,
and their sizes
Sk 2 NEl, k=1,....K.

Let the eigenvalues of Ex bee; > ey > - -+ > e, then the
spectral norm of Ej is the maximum of the absolute values
of the eigenvalues. Hence, §y = max{|e; |, le,|}. Let

2T -2

denote the size of the initial mismatch.
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3.1.1 Deterministic mismatch

First, we assume the mismatch is deterministic and find
bounds for bias and variance of the estimated signal. It is
common in practice to use estimated covariance matrices,
which may have deterministic bias from the true covari-
ances. Assume the initial mean is [t and the true signal
mean is p, the updated mean using Algorithm 1 after k
measurements is iz, and the true posterior mean is p.

Theorem 1 (Unbiasedness) After k measurements, the
expected difference between the updated mean and the
true posterior mean is given by

E[ e — mel = (o — ) - 1_[(1 —”T>

Birj+ o2 Y

Moreover, if . = w, iLe., the assumed mean is accu-
rate, the estimator is unbiased throughout all the iterations
Eljgx — uxl =0 fork=1,...,K.

Next, we show that the variance of the estimator, when
the initial mismatch || P> || is sufficiently small, reduces
gracefully. This is captured through the reduction of
entropy, which is also a measure of the uncertainty in the
estimator. In particular, we consider the posterior entropy
of the signal conditioned on the previous measurement
outcomes. Since the entropy of a Gaussian signal x ~
N(u, ) is given by H[x] = In [(2716)”/2 detl/z(E)] , the
conditional mutual information is the log of the determi-
nant of the conditional covariance matrix, or equivalently
the log of the volume of the ellipsoid defined by the covari-
ance matrix. Here, to accommodate the scenario where
the covariance matrix is low rank (our earlier assumption),
we consider a modified definition for conditional entropy,
which is the logarithm of the volume of the ellipsoid on
the low-dimensional space that the signal lies on:

H( x|y;, a,j < k] = In[ (2me)*/*Vol(Zy)],

where Vol(Xy) is the volume of the ellipse, which equals
to the product of the non-zero eigenvalues of ¥j:

VOI(Zp) = A1 -+ g
where rank(Xy) = sg.

Theorem 2 (Entropy of estimator) If for some constant
8 € (0,1) the initial error satisfies

= 8
12— 2| < WXn,p,E: (3)
thenfork =1,...,K,

k
In[27e tr(£)] = > In(1/f)t, ()

j=1

S
H[ x|y}, a5,j < k] < 3

where
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1-6 ﬂkik

— k=1,...,K. (5)
S Brik + o2

21— € (0,1),

Note that in (3), the allowable initial error decreases
with K. This is due to that larger K means the recovery
precision criterion gets stricter, and hence, the maxi-
mum tolerable initial bias gets smaller. In the proof of
Theorem 2, we track the trace of the underlying actual
covariance matrix tr(X;) as the cost function, which
serves as a surrogate for the product of eigenvalues that
determines the volume of the ellipsoid and hence the
entropy, since it is much easier to calculate the trace
of the observed covariance matrix tr(fk). The following
recursion is crucial for the derivation: for an assumed
covariance matrix X, after measuring in the direction of a
unit norm eigenvector u with eigenvalue A using power ,
the updated matrix takes the form of

- Zﬂu (ﬂuTE\/Eu + (72>_1 \/,EMTE
ro?

= m”lx[‘r + Elu, (6)

where T1* is the component of ¥ in the orthogonal
complement of u. Thus, the only change in the eigen-
decomposition of ¥ is the update of the eigenvalue of u
from A to Ao2/(BA + o2). Based on (6), after one mea-
surement, the trace of the covariance matrix becomes

tr (fk) =tr (ikfl) — (7)

Remark 1 The upper bound of the posterior signal
entropy in (4) shows that the amount of uncertainty reduc-
tion by the kth measurement is roughly (s/2) In(1/f).

Remark 2 Using the inequality In(1 — x) < —x forx €
(0, 1), we have that in (4)

s 1—8 <& Bis
H[xly;, a,j < k] < = In[2metr(X)] — 7
2 2 ,; Biaj+ o
k1—8
- gln[Znetr(E)] —%
(1—8) & x
- n,p,e
+ Z =
j=1 ]

On the other hand, in the ideal case if the true covariance
matrix is used, the posterior entropy of the signal is given by

, 1 = 1 A
y/"ﬂﬁ]fk]:iln (2me) 1_[)\] _EZ ,

=1 =1 Xnpe

H;deat [x¢

8)
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where /éj =1/ xupe — l/kj)+02. Hence, we have
H[xyj, aj,j < k] < Higea [, |yj» 4, < k]

1w X
+C— = L ta-8(1-2220)1.
2 Z |:Xn,p,e Aj

j=1

where C £ (s/2) In[ tr(Z)/(]_[;=1 Aj)l/s] is a constant inde-
pendent of measurements. This upper bound has a nice
interpretation: it characterizes the amount of uncertainty
reduction with each measurement. For example, when the
number of measurements required when using the assumed
covariance matrix versus using the true covariance matrix
are the same, we have \j > Xy p,e and )AL,' > Xnp.e Hence,
the third term in (9) is upper bounded by —k/2, which
means that the amount of reduction in entropy is roughly
1/2 nat per measurement.

Remark 3 Counsider the special case where the errors
only occur in the eigenvalues of the matrix but not in the
eigenspace U, i.e., S -3 = Udiagley,- - ,es}UT and
maxi <j<s |&j| = 8o, then the upper bound in (8) can be fur-
ther simplified. Suppose only the first K (K < s) largest
eigenvalues of s are larger than the stopping criterion
Xnp,e required by the precision, i.e., the algorithm takes K
iterations in total. Then,

H{ xlyj, aj,j < k] < Hideas [%, |3j> ajj < K]
S
KN + 8/ Xnpe)+ Y In(1+ o+ 8k)/A)).
J=K+1

The additional entropy relative to the ideal case H;jp4; is
typically small, because Sy < 804" (according to Lemma 7
in the Appendix 2), 8o is on the order of €%, and hence the
second term is on the order of K 2. the third term will be
small because & and dx are small compare to ).

Note that, however, if the power allocations §; are cal-
culated using the eigenvalues of the assumed covariance
matrix f, after K = s iterations, we are not guaran-
teed to reach the desired precision ¢ with probability p.
However, this becomes possible if we increase the total
power slightly. The following theorem establishes an
upper bound on the amount of extra total power needed
to reach the same precision ¢ compared to the total power
Pigeal if we use the correct covariance matrix.

Theorem 3 (Additional power required) Assume K <'s
eigenvalues of ¥ are larger than xpe. If

= 1
DEDIES ==

then to reach a precision ¢ at confidence level p, the total
power Pionarch required by Algorithm 1 when using X is
upper bounded by
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20 1 o’
Priismatch < Pideal + ES + ﬁ1< Xnp.e )

Note that in Theorem 3, when K = s eigenvalues of X
are larger than ¢, under the conditions of Theorem 3,
we have a simpler expression for the upper bound

323 o2
Prismatch < Pideal + 816 Xn,pe >

Note that the additional power required is quite small and
is only linear in s.

3.2 One-sparse measurement

In the following, we provide performance bounds for the
case of one-sparse measurements in Algorithm 2. Assume
the signal covariance matrix is known precisely. Now that
llakllo = 1, we have ag = /Brux, where uy € {e1,--- ,e,).
Suppose the largest diagonal entry of ¥ *~1 is determined by

i = argma 54

From the update equation for the covariance matrix in
Algorithm 2, the largest diagonal entry of £® can be
determined from
2
(k—1)
(thk—l )

) 2
Ejk—l/k—l + 0%/ Bk

Jk = arg mtax Et(tkfl)

Let the correlation coefficient be denoted as

2
(k)
oo ()

i T wn’
X %

where the covariance of the ith and jth coordinate of x
after k measurements is denoted as X L(]k)

Lemma 1 (One sparse measurement. Recursion for
trace of covariance matrix) Assume the minimum corre-
lation for the kth iteration is p &=V €[0,1) such that

(k—1
Piji_s

Pk <

)' for any i €[nl. Then, for a constant
y > 0, if the power of the kth measurement By satisfies
Br = 0%/ (y max; Et(tk_l)>, we have

(n—1)p*=D 41

(i) < [1 T

i| tr(Zg_1)- (10)

Lemma 1 provides a good bound for a one-step ahead
prediction for the trace of the covariance matrix, as
demonstrated in Fig. 2. Using the above lemma, we can
obtain an upper bound on the number of measurements
needed for one-sparse measurements.
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Fig. 2 One-step ahead prediction for the trace of the covariance
matrix: the offline bound corresponds to applying (10) iteratively k
times, and the online bound corresponds to predicting tr(Xx) using
tr(Xg—1).Heren =100,p = 095,¢ = 0.1, ¥ = ddT + 5/, where
d=[1,--- 1T

Theorem 4 (Gaussian, one-sparse measurement) For
constant y > 0, when power is allocated satisfying By >
o2 /(y max; Zt(tk*l))fork =1,2,...,K,wehave |x — x| <
& with probability p as long as

K> In[ tr(z)/Xn,p,s] '

l (11)

1
R ey ey

The above theorem requires the number of iterations
to be on the order of In(1/¢) to reach a precision of
& (recall that x,,. = e2/x2(p)), as expected. It also
suggests a method of power allocation, which sets i
to be proportional to o2/ max; Et(tk ~V. This captures the
inter-dependence of the signal entries as the dependence
will affect the diagonal entries of the updated covariance
matrix.

4 Results: numerical examples

In the following, we have three sets of numerical examples
to demonstrate the performance of Info-Greedy Sens-
ing when there is mismatch in the signal covariance
matrix, when the signal is sampled from Gaussian, and
from GMM models, respectively. Below, in all figures, we
present sorted estimation errors from the smallest to the
largest over all trials.

4.1 Sensing Gaussian with mismatched covariance matrix
In the two examples below, we generate true covariance
matrices using random positive semi-definite matrices.
When the assumed covariance matrix for the signal x is
equal to its true covariance matrix, Info-Greedy Sens-
ing is identical to the batch method [21] (the batch
method measures using the largest eigenvectors of the
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signal covariance matrix). However, when there is a mis-
match between the two, Info-Greedy Sensing outperforms
the batch method due to its adaptivity, as shown by the
example demonstrated in Fig. 3 (with K = 20). Further
performance improvement can be achieved by updating
the covariance matrix using estimated signal sequentially
such as described in (2). Info-Greedy Sensing also out-
performs the sensing algorithm where 4; are chosen to be
random Gaussian vectors with the same power allocation,
as it uses prior knowledge (albeit being imprecise) about
the signal distribution.

Figure 4 demonstrates an effect that when there is a
mismatch in the assumed covariance matrix, better per-
formance can be achieved if we make many lower power
measurements than making one full power measurement
because we update the assumed covariance matrix in
between. Performance of these scenarios are compared
with the case without mismatch. And it is also shown
in the figure that many lower power measurements and
one full power measurement perform the same when the
assumed model is exact.

4.2 Measure Gaussian mixture model signals using
one-sparse measurements

In this example, we sense a GMM signal with a one-sparse
measurement. Assume there are C = 3 components and
we know the signal covariance matrix exactly. We consider
two cases of generating the covariance matrix for each
signal: when the low-rank covariance matrices for each
component are generated completely at random and when

10§ T T T T

10° | 3

lla =l

b ---Random
_af - - Batch
10 = — Info-Greedy
3 - Info-Greedy-2
10_4 . . . e= 0.1
0 200 400 600 800 1000

ordered trials

Fig. 3 Sensing a Gaussian signal of dimension n = 100, when there is
mismatch between the assumed covariance matrix and the true
covariance matrix: 3 o ¥ + RRT, where R € R"*3 and each entry of
Rij ~ N (0,1). We repeat 1000 Monte Carlo trials, and for each trial,
we use K = 20 measurements. The Info-Greedy-2 method
corresponds to (2), where we update the assumed covariance matrix
sequentially each time we recover a signal and & = 0.5
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4 Error for White Noise
10 ¢ T T T T

PR |

llz — 2|2

Ll

| =" —One full power
Many small powers

—Random

- - -One full (exact)
Many (exact)

107 | I - - “Random(exact)
0 100 200 300 400 500

ordered trial

ik
=)
ad

Fig. 4 Comparison of sensing a Gaussian signal with dimension

n = 100 using unit power measurements along the eigenvector
direction, versus splitting each unit power measurement into five
smaller ones, each with amplitude 4/7/5, and we update the
covariance matrix in between. The mismatched covariance matrix is
$ o X + 1T, where r € R™5 and each entry of ris ii.d. A(0, 1), and
 is normalized to have unit spectral norm. Performance of the
algorithm in the presence of mismatch is compared with that with
exact parameters

it has certain structure. In this example, we expect “Info-
Greedy” to have much better performance than “Random”
in the second case (b) because there is a structure in the
covariance matrix. Since Info-Greedy has an advantage in
exploiting structure in covariance, it should have larger
performance gain. In the first case (a), the covariance
matrix is generated randomly, and thus, the performance
gain is not significant.

Figure 5 shows the reconstruction error ||x — x||, using
K = 40 one-sparse measurements for GMM signals. Note
that Info-Greedy Sensing (Algorithm 2) with unit power
B; = 1 can significantly outperform the random approach
with unit power (which corresponds to randomly select-
ing coordinates of the signal to measure). The experiment
results validate our expectation.

4.3 Realdata

4.3.1 Sensing of a video stream using Gaussian model

In this example, we use a video from the Solar Data
Observatory. In this scenario, one aims to compress the
high-resolution video (before storage and transmission).
Each measurement corresponds to a linear compression
of a frame. The frame is of size 232 x 292 pixels. We use the
first 50 frames to form a sample covariance matrix T and
use it to perform Info-Greedy Sensing on the rest of the
frames. We take K = 90 measurements. As demonstrated
in Fig. 6, Info-Greedy Sensing performs much better in
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— Info-Greedy
- --Random ]
10_2 £=0.1 _=,

10 E
1 0-5 1 1 1 1
(1] 200 400 600 800 1000
ordered trials
b
10° T T T T
B
— Info-Greedy
6 - - -Random
10 1 1 1
0 200 400 600 800 1000

ordered trials

Fig. 5 Sensing a low-rank GMM signal of dimension n = 100 using

K = 40 measurements with ¢ = 0.001, when the covariance matrices
are generated a completely randomly, X o< RRT,R € R””,Ry ~N
(0, 1) or b having certain structure, . (1 1T 4 20a?- diag
{n,n—1,---,1)),a ~ N(0,1). The covariance matrices X are
normalized so that their spectral norms are 1

that it acquires more information such that the recovered
image has much richer details.

4.3.2 Sensing of a high-resolution image using GMM

The second example is motivated by computational pho-
tography [35], where one takes a sequence of mea-
surements and each measurement corresponds to the
integrated light intensity through a designed mask. We
consider a scheme for sensing a high-resolution image
that exploits the fact that the patches of the image can
be approximated using a Gaussian mixture model, as
demonstrated in Fig. 1. We break the image into 8 x
8 patches, which resulted in 89250 patches. We ran-
domly select 500 patches (0.56% of the total pixels) to
estimate a GMM model with C = 10 components,
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and then based on the estimated GMM, initialize Info-
Greedy Sensing with K = 5 measurements and sense
the rest of the patches. This means we can use a com-
pressive imaging system to capture five low-resolution
images of size 238 x 275 (this corresponds to compressing
the data into 8.32% of its original dimensionality). With
such a small number of measurements, the recovered
image from Info-Greedy Sensing measurements has supe-
rior quality compared with those with random sensing
measurements.

5 Covariance sketching

We may be able to initialize T with desired preci-
sion via covariance sketching, i.e., using fewer samples
to reach a “rough” estimate of the covariance matrix.
In this section, we present the covariance sketching
scheme, by adapting the covariance sketching in earlier
works [24, 25]. The goal here is not to present com-
pletely new covariance sketching algorithms, but rather
to illustrate how to efficiently obtain initialization for
Info-Greedy.

Consider the following setup for covariance sketching.
Suppose we are able to form a measurement in the form
of y = aTx + w like we have in the Info-Greedy Sensing
algorithm.

Suppose there are N copies of Gaussian signal, we
would like to sketch %i,...,xyx that are ii.d. sampled
from N(0, ), and we sketch using M random vectors:
b1,...,by. Then, for each fixed sketching vector b; and
fixed copy of the signal X, we acquire L noisy realizations
of the projection result y;; via

Vil = b;rJNC]‘ + Wit I=1,...,L.

We choose the random sampling vectors b; as i.i.d.
Gaussian with zero mean and covariance matrix equal to
an identity matrix. Then, we average y;; over all realiza-
tions /=1, ..., L to form the ith sketch y; for a single copy ¥;:

-
Yij = biij + Z Z Wiji .
=1

The average is introduced to suppress measurement
noise, which can be viewed as a generalization of sketch-
ing using just one sample. Denote w;; = % Zlel Wijl,
which is distributed as A(0,52/L). Then, we will use the
average energy of the sketchesasour data y;,i = 1,..., M,
for covariance recovery y; = ﬁ Zfil yi Note that y; can
be further expanded as

N N
PN 2 - 1
y; = tr (ENbib;r) + N E Wjjb;rxj + N E W,-Zlv (12)
j=1 j=1
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original

random

Solar Flare
0.1 T T T T

0.091 7

0.08[

0.07f -~ -
- --Random

— Info-Greedy
- - Info—-Greedy-21

0.06
0.05[

llz = &[2/]z]]2
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0.03

0.02

0.01 1 1 1 1
0

ordered trials

Info—Greedy

Fig. 6 Recovery of solar flare images of size 224 by 288 with K = 90 measurements and no sensing noise. We used the first 50 frames to estimate
the mean and covariance matrix of a single Gaussian. a original image for 300th frame. b Ordered relative recovery error of the 200th to the 300th
frames. ¢ Recovered the 300th frame using random measurement. d Recovered the 300th frame using Info-Greedy Sensing

where Sy £ % Z]]il %x! is the maximum likelihood
estimate of X (and is also unbiased). We can write (12) in
vector matrix notation as follows. Let y =[y1,---ym]T.
Define a linear operator B : R™” > RM such that
[BX)];= tr (XbihiT). Thus, we can write (12) as a lin-
ear measurement of the true covariance matrix ¥ y =
B(X) + n, where n € RM contains all the error terms
and corresponds to the noise in our covariance sketching
measurements, with the ith entry given by

2 ¥ 1 Y
n; = b;r():N — X)b; + N Zwijbficj + N Z Wi
j=1 j=1

Note that we can further bound the £; norm of the error
term as

M M
Inlly = Z Inil < I1ZN — 2:||l9‘|'222 lzil +w,
i=1 i=1
where b £ Zf\i1 1612, E[b] = Mn, Var[b] = 2Mn, w =
LM N w Elwl= Mo?/L, and Var[w] = 2g°
and

NL?

o2tr(%)

N
1 Z ~
“@sy =1 wyb %), Elz] = 0and Var[z] = —o

We may recover the true covariance matrix from the
sketches y using the convex optimization problem (13).
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We need L to be sufficiently large to reach the desired
precision. The following Lemma 2 arises from a simple tail
probability bound of the Wishart distribution (since the
sample covariance matrix follows a Wishart distribution).

Lemma 2 (Initialize with sample covariance matrix) For
any constant § > 0, we have | X — X|| < § with probability
exceeding 1 — 2n exp(—+/n), as long as

L > 4n'?te(D) (1Z11/8% +4/8) .

Lemma 2 shows that the number of measurements
needed to reach a precision § for a sample covariance
matrix is O(1/62) as expected.

We may also use a covariance sketching scheme simi-
lar to that described in [23—-25] to estimate . Covariance
sketching is based on random projections of each training
sample, and hence, it is memory efficient when we are not
able to store or operate on the full vectors directly. The
covariance sketching scheme is described below. Assume
training samples x;, i = 1,...,N are drawn from the sig-
nal distribution. Each sample, ¥; is sketched M times using
random sketching vectors b;;, j = 1,...,M, through a

noisy linear measurement (bi;xi + wiﬂ)z, and we repeat
this for L times (/ = 1,...,L) and compute the average
energy to suppress noise!. This sketching process can be
shown to be a linear operator B applied on the original
covariance matrix . We may recover the original covari-
ance matrix from the vector of sketching outcomes y €
RM by solving the following convex optimization problem

T = argminy tr(X)

subjectto X >0, |ly — BX)|1 <, (13)

where 7 is a user parameter that depends on the noise
level. In the following theorem, we further establish condi-
tions on the covariance sketching parameters N, M, L, and
T so that the recovered covariance matrix & may reach the
required precision in Theorem 2, by adapting the results
in [25].

Lemma 3 (Initialize with covariance sketching) For any
8 > 0 the solution to (13) satisfies |I§ — 2| < $, with
probability exceeding 1 — 2/n — 2/\/n — 2nexp(—./n) —
exp(—c1M), as long as the parameters M, N, L and t satisfy
the following conditions

12 36M*n?| || 24Mn
M > cons, N > 4n/'“tr(2) + )

2

T
M 1 6M
L >max 3 02, 02,702 ,
4|21 2[te(T)/)1Z ||] Mn? T
(14)
T = MS§/co, (15)

where ¢, c1, and cy are absolute constants.
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Finally, we present one numerical example to validate
covariance sketching as initialization for Info-Greedy, as
shown in Fig. 7. We compare it with the case (“direct” in
the figure) when sample covariance matrix is directly esti-
mated using original samples. The parameters are signal
dimension # = 10; there are 30 samples and m = 40
sketches for each sample (thus the dimensionality reduc-
tion ratio is 40/102 = 0.4); precision level ¢ = 0.1; the
confidence level p = 0.95; and noise standard deviation
00 = 0.01. The covariance matrix % is obtained by solving
the optimization problem (13) using standard optimiza-
tion solver CVX, a package for specifying and solving con-
vex programs [36, 37]. Note that the covariance sketching
has a higher error level (to achieve dimensionality reduc-
tion); however, the errors are still below the precision level
(¢ = 0.1) thus the performance of covariance sketching is
acceptable.

6 Conclusions and discussions
In this paper, we have studied the robustness of sequen-
tial compressed sensing algorithm based on conditional
mutual information maximization, the so-called Info-
Greedy Sensing [6], when the parameters are learned
from data. We quantified the algorithm performances
in the presence of estimation errors. We further pre-
sented covariance sketching based scheme for initializing
covariance matrices. Numerical examples demonstrated
the robust performance of Info-Greedy.

Our results for Gaussian and GMM signals are quite
general in the following sense. In high-dimensional prob-

107 T T T T

1072

1073

|z — &[]

10"
£ —sketching
A —direct
1078 1 1 1 I
0 100 200 300 400 500

ordered trial

Fig. 7 Covariance sketching as initialization for Info-Greedy Sensing.
Sorted estimation error in 500 trials. In this example, signal dimension
n = 10, there are m = 40 sketches; thus, the dimensional reduction
ratio is 40/102 = 0.4. The errors of covariance sketching are higher
than using the direct covariance estimation as initialization (to
achieve the goal of dimensionality reduction); however, note that the
errors of covariance sketching are still much below the pre-specified
error tolerance € = 0.1 and thus are acceptable
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lems, a commonly used low-dimensional signal model for
x is to assume the signal lies in a subspace plus Gaussian
noise, which corresponds to the case where the signal is
Gaussian with a low-rank covariance matrix; GMM is also
commonly used (e.g., in image analysis and video pro-
cessing) as it models signals lying in a union of multiple
subspaces plus Gaussian noise. In fact, parameterizing via
low-rank GMMs is a popular way to approximate complex
densities for high-dimensional data.

Endnote

1Our sketching scheme is slightly different from that
used in [25] because we would like to use the square of
the noisy linear measurements y? (where as the measure-
ment scheme in [25] has a slightly different noise model).
In practice, this means that we may use the same measure-
ment scheme in the first stage as training to initialize the
sample covariance matrix.

Appendix 1
Backgrounds

Lemma 4 (Eigenvalue of perturbed matrix [38]) Let %,
S € R pe symmetric,with eigenvalues A1 > -+ > Ay,
and il > . > 5»,,, respectively. Let E 2 5 _ % have
eigenvaluese; > --- > e,. Then foreachi € {1,--- ,n}, the

perturbed eigenvalues satisfy A€l +ewhi+erl.

Lemma 5 (Stability conditions for covariance sketching
[25]) Denote A : R™*" > R™ a linear operator and for
X e R, AX) = {a] Xa; " |- Suppose the measurement
is contaminated by noise n € R, i.e., Y = A(X) + n and
assume ||n|l1 < €1. Then with probability exceeding 1 —
exp(—c1m) the solution S to the trace minimization (13)
satisfies

—~ Y- €
HE—EWSQE——ﬂE+Qi,

Jr

forall ¥ € R™", provided that m > conr. Here cg, c1, and
¢y are absolute constants and X, represents the best rank-r
approximation of ©.. When X, is exactly rank-r

-~ €1
1% —XlF <co—-.
m

Lemma 6 (Concentration of measure for Wishart distri-
bution [39]) If X eR™" ~ W, (N, X), then fort > 0,

PHIX—EH> w—{—% 2] ¢ < 2nexp(—t)
N =W N N = Snexpi=h)

where 6 = tr(2)/|1Z]].
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Appendix 2

Proofs

Gaussian signal with mismatch

Proofof Theorem 1 Let & = [x — . From the
update equation for the mean [ = [x_1 +
i1k vk — af 1) / (&gfk_lak +0?%), since a is
eigenvector of Sk_1, we have the following recursion:

Ey T
Akaxady,

= In—,\i —
&k < B +02> §k—1

alEx_1ax

(ﬁk3»1< +02— ﬂ,f&qﬂk) (Bihi + 02)

+ —ik agi

Er—1ax
Bicri + 02 — aj Ex_1ay

} (af (x — pr—1) + w) .
(16)

From the recursion of & in (16), for some vector Cj
defined properly, we have that

B T
E =\/-— E[&_—
[&] ( ﬁkkk+02ukuk> [€x-1]
+ CrE [a] (x — pk—1) + wi), (17)

0

where the expectation is taken over random variables x
and w’s. Note that the second term is equal to zero using
an argument based on iterated expectation

E[a] (x — pi—1) + wi|= af E[E[x—px_1|y1, ..., 711 = 0.

Hence, Theorem 1 is proved by iteratively apply the
recursion (17). When fig—uo = 0, we have E[ £] = 0,k =
0,1,...,K. O

In the following, Lemma 7 to Lemma 9 are used to prove
Theorem 2.

Lemma 7 (Recursion in covariance matrix mismatch.)
If 851 < 302 /4Py, then 8 < 48;_1.

Proof Let Zk = aka;. Hence, IIZkII = B. Recall that a;

is the eigenvector of ik_l, using the definition of E, £

Yk — X, together with the recursions of the covariance
matrices

Sk = Tko1 — Sp-1axa) Sk—1/ G + 02), (18)
Tk = Spo1 — Skoraka) Bio1/ (@] Skcrax + o), (19)
we have
Sro1axd] k-1 garal Spoy
Er =Er1 + k - k

A Tkaax+ 0% B +o?
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Based on this recursion, using 8y = ||Eg||, the triangle
inequality, and inequality [|AB|| < ||A||||B]|, we have

BirkakEx—1ak
(ﬂkik + 02> (,3/():/( +0?— “]IEk—lﬂ)

~ ~ 1
NAE g1l + —=
Bihk + 02 — aj Ex_yay

Ok < 01+

Dk (IARE 1| + I Ex 1Ak ) + || Ex—1AkEx_11I]

BEAZ8k_1

< k1 + ~ .
(ﬁkkk + 02) (Berk + 02 — Brdi—1)
Br -
+ — 5 [20x8k—1 + 87_,]
Brrk + 0% — Brdk—1
3Bk
<1+ — Pk Sk—1
Bihk + 02 — Bdk—1
Bk

+ — 82 ..
Biri + 0% — Bidi—1 k1

Hence, if we set 8;_; < 30%/(48), i.e., x—1 Bk < %62, the
last inequality can be upper bounded by

A 2/4
143. P Ny s O/
ﬁk}uk+02/4 ﬂk)\k+02/4

Hence, if 84_1 < 302/(48k), we have 8; < 48;_;.

Sx—1=48k-1.

O

Lemma 8 (Recursion for trace of the true covariance
matrix) Iféx—1 < M

3BkhkSk—1

Brk + 02 — Brd1
(20)

12
IBk)Lk
Bihi + o2

tr(Ep) < tr(Xg-1) —

Proof Let Zk = aka;‘ Using the definition of Ej and the
recursions (18) and (19), the perturbation matrix E; after
k iterations is given by

a] Ex_1a
(ﬁkik +o 2) (ﬁkik +02— a,IEkqdk)
i
B Bihx + 02 — alEx_1ax

Eyr=Er 4 +i]2</A\k .

“(AgEg—1 + Ex—14%)

Ex 1 ArEf 1. (1)

Bii + 0> — al Ex_1ax

Note that rank(gk) = 1, thus rank(zkEk_l) < 1; there-
fore, it has at most one non-zero eigenvalue,

|tr (ZkEk—l)‘:‘tr (Ek—l;ik)‘:HZkEk—lu < HZkH lEx—1ll
= Bidk—1-
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Note that E;_; is symmetric and Ak is positive semi-
definite, we have tr(Ex_1AxEr_1) > 0. Hence, from (21)
we have

tr(Ex) = tr(Sp) — tr(Zg) > tr(Eg_1)
3Bk (.Bkik + %) Sk—1
(Bihi + 02) (,Bk):k +o02— ﬁk5k—1>
3Bk
> tr(Ey) — — Bichidr—1 ‘
Birk + 0% — Brdr—1
After rearranging terms we obtain
tr(Zp) < tr(Sgon) + [tr (Tk) — tr (Zxa)]
3Brhkdk-1
Birk + 0% — Brdr—1

Together with the recursion for trace of tr(fk) in (7), we
have

22 3B Sy
(S0 < tr(Ty) — — Xk o W
Birk + 0% Brhk + 02 — Bidi—1

O

Lemma 9 For a given positive semi-definite matrix X €
R™", and a vector h € R", if

Y =X — XhhTX,

hTXh + o2
then rank (X) = rank(Y).

Proof Apparently, for all x € ker(X), Yx = 0, ie,
ker(X) C ker(Y). Decompose X = QTQ. For all x €
ker(Y),leth £ Qh,z £ Qx. If b = 0, Y = X; otherwise,
when b # 0, we have

ZThb7z
0 :xTYx :ZTZ_ m.
Thus,
ThbT bh
ZTz= z il Tz

< z

bTb+0o% ~ bTh+o?
Therefore z = 0, i.e., x € ker(X), ker(Y) C ker(X). This
shows that ker(X) = ker(Y) or equivalently rank(X) =
rank(Y). O

Proof of Theorem 2 Recall that for k = 1,...,K, Ag
Xnp,e- Using Lemma 7, we can show that for some 0 < § <
1,if

0 < e /4 < 307 (45415,

v

(22)

then for the first K measurements, we have

b < ——_Xnpe L 30° k=1
k= 4Kk=k+1~ 4 = 4Kk ap;’ =5
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Note that the second inequality in (22) comes from
the fact that (1/xupe — 1/A1)Xnpe0> < 302 Clearly,
Sk—1 =< Oxnupe/16. Hence, (4 + 8)8k 1 < &Ar. Note
that frdr_1 < o2 and |Apx — Akl < 8k L, we
have Biir < PG + &-1) < PBrix + o2 Thus,
485—1 (ﬁk)hk‘f‘a ) + 8Brribrk-1 = Sk (,Bk)»k+0 )
Then, we have 3,3/(5»/(5/(_1 (,Bkik +02> < ,3]():/((5)\/( —

8k—1)(Birk + 02 — Bidr_1), which can be rewritten

Bﬂkikak—l < lgk)‘k S S H
z — 8x_1). Hence,
Bihx+o%—Brb—1 Briito 7 (0% k=1)
3Bt < P 8 — 1)Ax + ], which can
Birk+o2—PBidk—1 ﬂkA +o2 [( DAk Kl
be written as — ’?k k_ Agﬁklzk‘skfl < -1 -
Bxrkt+o Bkrk+0o"—Bidk—1

8) ﬁkglzikaz Ax- By applying Lemma 8, we have
Bichk
tr(Zg) < tr(Zp—1) — (1 — S)W)Mk <tr(Xx_1)
kMk T O
B tr(Sk1)
—a- 8)ﬁ T =2 fitr(Shon),
kMk

where we have used the definition for f; in (5). Subse-
quently,

k
tr| Zp) < Hﬁ tr(XZo

j=1
Lemma 9 shows that the rank of the covariance will not
be changed by updating the covariance matrix sequen-
tially: rank(X;) = --- = rank(X;) = s. Hence, we may
decompose the covariance matrix X; = QQT, with Q €
RS being a full-rank matrix, then Vol(X;) = det(QTQ).

Since tr(QTQ) = tr(QQT), we have

Vol (%) = Q¥
k) = det(QTQ) < prod,

_ <tr(2k))s
- - )

where (1) follows from the Hadamard’s inequality and (2)
follows from the inequality of arithmetic and geometric
means. Finally, we can bound the conditional entropy of
the signal as

@ T s
s (QTQ); < (tr(f@)

Hlx|yj, a;,j < k] = In(2e)*/*Vol ()

(23)
%ln 2me Hf tr(Zo) ¢ »

j=1

which leads to the desired result. O

Proof of Theorem 3 Recall that rank(X) = s, and hence
A =0,k =s+1,...,n Note that for each iteration, the
eigenvalue of fk in the direction of ay, which corresponds
to the largest eigenvalue of St is eliminated below the
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threshold y,,. Therefore, as long as the algorithm con-
tinues, the largest elgenvalue of Ek is exactly the (k + 1)th
largest eigenvalue of . Now, if

80 < Xnp,e/¥T, (24)

using Lemma 4 and Lemma 7, we have that

|5‘k_)‘k| <6, fork=1,...,s, |5¥]| < < Xnp,e
—&, fork=s+1,...,n

In the ideal case without perturbation, each measure-
ment decreases the eigenvalue along a given eigenvector
to be below y;,¢. Suppose in the ideal case, the algorithm
terminates at K < s iterations, which means

Al > > A > Xnpe = Ak41(Z) = - = As(2),

and the total power needed is

1
= o
Pigeal = Z ( Xnpe )\k >

On the other hand, in the presence of perturbation,
the algorithm will terminate using more than K itera-
tions since with perturbation, eigenvalues of ¥ that are
originally below x; . may get above x . In this case,
we will also allocate power while taking into account the
perturbation:

) 1 1
Br=o0"\————+).
Xnmpe — 0 g

This suffices to eliminate even the smallest eigenvalue
to be below threshold x;,,- since

(25)

Uzj\k—l

= Xnp.e

We first estimate the total amount of power used at most
to eliminate eigenvalues Ag, for K +1 < k <s:

Br = O‘2(1/()01,17,8 — &) — l/ik) = 02(1/(Xn,p,8 — &)
(4% + 1)

— 1/(Ynpe +80)) < 02
pe Otnpe — 4580) tnpe + 80)

.2 a?
51 ane

where we have used the fact that §; < 458y (a consequence
of Lemma 7), the assumption (24), and monotonicity of
the upper bound in s. The total power to reach precision ¢

in the presence of mismatch can be upper bounded by

s K 1 1
Prismatch < Z,Bk 502 Z((S —A)
k=1 1 \Xmpe =0 A

k

20(s — K) o2
- )
51 Xnp,e
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In order to achieve precision ¢ and confidence level p, the
extra power needed is upper bounded as

K11 s

0

Pmismatch_PideaIEGZ:E ( +)»2>
k

=1 3 Xnpe

20s—K) 1
+ - @
51 Xnpe

x”ps 20s — 3K 1

Xnp,e

20 3 1 o2
=5\~ o K
51 51 4% Xnp.e

where we have again used §; < 4°8p < 45)(”,17,5/45"’1 =
Xnpse/% 1/ hg — 1/ag < 80/22, the fact that Ag > xpp.e for
k=1,...,K. O

Proof of Lemma 2 1t is a direct consequence of Lemma 6.
Let0 = tr(X)/||Z]| > 1. For some constant § > 0, set

L > 4n"?t(2)(|T|I/8% + 4/5).
Then, from Lemma 6, we have

EBEERES I RS

< <\/2n1/2(9 F1)/L+ 29n1/2/L) ||2||]
> 1 - 2nexp(—/n).
O

The following Lemma is used in the proof of Lemma 3.

Lemma 10 Iffor some constants M, N, and L that satisfy
the conditions in Lemma 3, then ||n||1 < t with probabil-
ity exceeding 1 — 2/n — 2//n — 2nexp(—c1M) for some
universal constant c; > 0.

Proof Let @ = tr(X)/|| 2. With Chebyshev’s inequality,
we have that

T 36M20%tr(E)
P{lzi|<—}zl—7, i=1,.. ..k,
6M NLz2
Pl iw M02+T -1 720*M
w<M—+ - -
L 6]~ NL272
and
2
P {1b] < M+ A} 21— 2.
n
When
36m2M2|| T 24nM
Nz4n1/2tr(2)< CEEL ) (26)
T T
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with the concentration inequality for Wishart distribution
in Lemma 6 and plugging in the lower bound for N in (26)
and the definition for 7 in (15), we have

P(ISy — Z|| < t/[3n(M + VM) } > P{| Sy — T
2nl/20  20n1/?
< +
- N N
> 1 — 2nexp(—+/n).

Furthermore, when L satisfies (14), we have

111}

1
{|Zl|<6]w}_ _Wﬁ
]P[|b| < <M+m>n] > 1—%.

Therefore, ||n]l1 < t holds with probability at least 1 —

Plw) < Sl >1- 2
wl < = - —,
3) Jn

2/n—2//n— 2nexp(—/n). O

Proof of Lemma 3 With Lemma 10, let T = M3§/cy, the
choices of M, N, and L ensure that ||n]; < M$§/cy with
probability at least 1 — 2/n — 2//n — 2nexp(—+/n). By
Lemma 5 in Appendix 1 and noting that the rank of ¥
is s, we have ||§ — 2|l < 8. Therefore, with probability
exceeding 1—2/n— 2//n—2n exp(—+/n) —exp(—coc1ns),
12 -2 =¥ -X|F <3. O

The proof will use the following two lemmas.

Lemma 11 (Moment generating function of multivari-
ate Gaussian [40]) Assume X ~ N(0,%). The moment
generating function of | X || is E[ eX2] = 1//T = 2s%.

Note that |gx| can be computed recursively. We may
derive a recursion. Let z; £ a,I = pg—1) + Wi = yx —
a}';uk_l. Also Let ox £ a7 (fix — ui). Note that o = aT&
for & = [ix — pux in (16). Based on the recursion for & in
(16) that we derived earlier, we have

0 o? —_— alEx—1ax (yk — af ik-1)
k= ———|0k1 z
Brrx +o? Birk + 0% — af Ex_1ax

and

lok] <

‘Sk ]
——— _1l+ = .
Mc(Br/o?) +1 [|Qk ! (A — 8k) +02/Bx d

Proof of Lemma 1 The recursion of the diagonal entries
can be written as
(si2)
_ k-1
k=1 N V1)
i (k—1) 2
2:/'k vk TO /B

(k—1) 5~ (k—1) (k—1) (k—1) o2
X Zlkllkl(l_pl/k1)+2 /'Bk

(k—1) 2
2:}k k- 1+G /Br

k)
Zjj
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Note that for i = ji_1,

(k=1 2
0 i /P ~ Y sk
Jk-Uk-1 T «(k=1) 2 — 14+ Jk-1k-1’
Jk—1Jk-1 +0°/Bx v

and for i # ji_1,

(k—=1) s~ (k—1) k—1 (k=1) 2
Zii Ejk—ljk—l (1 —p' )) + X 07/ Pr
(k—1) 2
Eik—lik—l +0%/Pr

k=D (7 _ ,k=1) 2
5 k=D Zkvjin (1= p%Y) +0%/Br
ii *=D)

2
Eik—lfk—l +0%/Pr

5k

i =

IA

=X
1+vy

Therefore,

(k—1) 1— (k—1)

0 p (k—1)

tr(Xg) < — o | o) — ﬁ Jk—1Jk—1

n—1)p*k-b 41

B S VIS s

n(1+y)
O

Proof of Theorem 4 Let ¢ > /|| Zk| - x2(p), ie. [ Zxll <

Xnp.e- Then, Theorem 4 follows from
PaN iz Ll = pxcll2 < €]
> Po N (uie,zio 1% — pcllz < VIIEk ] - €2]

—1
> Pon (o5l & — i) T (2 — i) < x2(p)] = p.
(27)

This says that, if || Zx || < xup.e, then (27) holds, we have
|# — x| < & with probability at least p. From Lemma 1, we
have that when the powers g; are sufficiently large

K
i) T

Hence, for (27) to hold, we can simple require

1Zxll < tr(Zg) < <1

K
(1 — ﬁ) tr(X) < JXupe> or equivalently (11) in
Theorem 4. O
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